ABSTRACT Motivation: Our understanding of how genes are regulated in a concerted fashion is still limited. Especially, complex phenomena like cell cycle regulation in multicellular organisms are poorly understood. Therefore, we investigated conserved predicted transcription factor binding sites (TFBSs) in manmouse upstream regions of genes that can be associated to a particular cell cycle phase in HeLa cells. TFBSs were predicted from selected binding site motifs (represented by position weight matrices, PWMs) based on a statistical approach. A regulatory role for a transcription factor is more probable if its predicted TFBSs are enriched in upstream regions of genes, that are associated with a subset of cell cycle phases. We tested for this association by computing exact P -values for the observed phase distributions under the null distribution defined by the relative amount of conserved upstream sequence of genes per cell cycle phase. We considered non-exonic and 5 -untranslated region (5 -UTR) binding sites separately and corrected for multiple testing by taking the false discovery rate into account. Results: We identified 22 non-exonic and 11 5 -UTR significant PWM phase distributions although expecting one false discovery. Many of the corresponding transcription factors (e.g. members of the thyroid hormone/retinoid receptor subfamily) have already been associated with cell cycle regulation, proliferation and development. It appears that our method is a suitable tool for detecting putative cell cycle regulators in the realm of known human transcription factors. Availability: Further details and supplementary data can be obtained from
INTRODUCTION
With our current knowledge of mammalian genome sequences as well the plethora of experimental results on transcription factors, their binding sites and target genes, the hope is rising * To whom correspondence should be addressed.
to uncover the genomic regulatory network systematically. Both new kinds of large-scale experiments (ChIP on a chip) and theoretical analyses [for a review see (Qiu, 2003) ] are extending the traditional biochemical approaches. Several factors, however in particular, the theoretical ones are hampering these efforts. Most prominently, although we know representative sequences for many transcription factor binding sites, it is still hard to use these to extrapolate and predict new binding sites. The traditional weight matrix approach is highly error prone, with especially the false positive rate constituting a serious obstacle to the generation of useful predictions.
To remedy this situation, one takes into account additional, hopefully independent, information. Evolutionary conservation of transcription factor binding patterns is one indicator that is frequently used to obtain more specific predictions (Hardison, 2000) . In earlier work, we reported the generation of a database of evolutionarily conserved upstream binding sites in the human and mouse genomes (Dieterich et al., 2003b) . In Dieterich et al. (2003a) , we utilized this information to determine possible regulatory mechanisms behind the co-expression of a group of genes as determined in a DNA-microarray experiment.
Here, we suggest to exploit the distribution of evolutionarily conserved, predicted binding sites over different groups of co-expressed genes as an indicator for functionality of the predicted binding sites. The rationale is that when a factor plays a role in the co-expression of a group of genes, we ought to observe these functional binding sites on top of the random occurrences of predicted binding sites. A deviation from the random distribution for a particular factor should thus indicate a functional role for these binding sites.
We will exemplify this for the human cell cycle data, with the genes that peak in a particular phase of the cell cycle taking the role of the co-expressed group. Gene expression data are taken from Whitfield et al. (2002) who studied expression levels of genes in cycling HeLa cells. Based on the expression levels, they identified genes that are periodically up-regulated and assigned each of them to one out of five expression clusters corresponding to the cell cycle phases, G 1 /S, S, G 2 , G 2 /M and M/G 1 .
By combining evolutionarily conserved, predicted transcription factor binding sites (TFBSs) and the phase assignment of genes according to Whitfield et al. (2002) , we obtain a 'cell cycle phase distribution' for each position weight matrix (PWM). An exact test (see Section 2.2) is applied to determine which of the observed PWM-phase distributions obey the assumed background distribution. A correction for multiple testing is crucial since one P -value is computed for each PWM. By employing the concept of false discovery rates (FDRs), we adjust the size of our result set such that we expect at most one false discovery (Section 2.2). This analysis is repeated for the non-exonic upstream regions and for 5 -untranslated regions (5 -UTRs) separately. As a final result we obtain a number of transcription factor that are predicted to play a functional role in the progression of the cell cycle and compare these results in the light of the experimental literature.
The paper is organized as follows. The following Methods section first summarizes very briefly our approach to the delineation of evolutionarily conserved TFBS. Unlike our earlier papers, in the current context we use a recently developed probability calculation for PWM matches that is also helpful for setting the parameters for the FDR approach. Then, under the heading 'Association mining', the statistical test to identify deviating phase distributions and the application of FDR are described. The Results section provides a detailed account of the outcome of the annotation process and the results of the testing procedure. The Discussion section interprets the computational results in the light of experimental knowledge about cell cycle regulation in man and compares our results with a related study by Elkon et al. (2003) .
METHODS

Detecting conserved binding sites
Upstream regions and TFBS predictions An upstream region encompasses 5 genomic DNA extending from the start of translation. Homologous man/mouse upstream regions of maximally 15 000 bp size were inspected for TFBSs. This upper bound stems from the observation that most promoter regions are <15 000 bp away from the start of translation (Supplementary Figure 1 at http://corg.molgen.mpg.de/cellcycle). Upstream regions are also bounded by the size of the intergenic region, which might result in a total size of <15 000 bp. All man and mouse DNA sequences were retrieved from the NCBI genome assemblies (NCBI33 and mNCBI30, ENSEMBL release 17).
Putative binding sites were identified by scanning all human upstream regions with PWMs of experimentally determined binding site sequences. The 120 employed PWMs were retrieved from the TRANSFAC database release 7.1 (Matys et al., 2003) , which is a compilation of binding site data. The length of conserved sequence (in bp) across the three upstream sequence categories and cell cycle phases. The null probability distributions are based on these data.
Only PWMs with both sensitivity and specificity quality value above 0.9 according to the method of Rahmann et al. (2003) were selected. The corresponding PWM identifiers are listed in Supplementary Table 1 . The proportion of false negative and false positive observations was computed with respect to a signal and a background model. We set the false negative level to 10% in our initial searches. The number of false positive hits was cut by an upper bound on the accepted P -value (P < 0.0005). In-detail coverage on the statistics and prediction method is presented by Rahmann et al. (2003) . In case of alternative translational start sites, all unique binding sites for a given gene were pooled. Conserved non-coding blocks (CNBs) In earlier work (Dieterich et al., 2002) we have shown how to delineate conserved non-coding sequence blocks (CNBs) from upstream regions of pairs of orthologous genes from man and mouse: CNBs are defined by computing pairwise suboptimal local alignments of orthologous upstream regions. These alignments may contain gaps and are generated by an implementation of the algorithm of Waterman and Eggert (1987) . Further details on the derivation of CNBs and their statistical significance are given by Dieterich et al. (2002) . This effort has resulted in a database of such CNBs called CORG (Dieterich et al., 2003b, http://corg.molgen.mpg.de) . CNBs are further divided into exonic (5 -UTR) versus non-exonic ones. Exonic CNBs were detected by BLAST searches against the GeneNest database of assembled expressed sequence tag (EST) clusters .
Phase distributions of PWMs Given the counts of conserved predicted TFBSs for each PWM in each gene, we aim at linking these observations to already predefined clusters of co-expressed genes. In the setting of the cell cycle, these expression clusters contain genes with a cyclic expression pattern. Whitfield et al. (2002) assigned genes to cell cycle phases, namely G 1 /S, S, G 2 , G 2 /M and M/G 1 . We could unambiguously link 592 genes via LocusLink identifiers to cell cycle phases. The phase distribution counts N = N(M) = [n i (M)] of PWM M are obtained as follows: to obtain the counts n i (M) for phase i, we add the number of TFBSs that were predicted with M in upstream regions of all genes associated with phase i.
Association mining
Bias in PWM counts across cell cycle phases PWM count distributions that deviate significantly from the null distribution might indicate a preferential association of particular binding sites in certain cell cycle phases. A reasonable choice for the null distribution Q = (q i ) is given by dividing the summed length of the conserved sequence in upstream regions of genes associated with phase i by the total length of conserved sequence. The respective sequence lengths are shown in Table 1 .
A P -value for observed counts (n i ) is calculated with an exact likelihood ratio test as follows. We use the generalized likelihood ratio statistic
where n i is the observed number of samples in category i, n = n i is the sample size and q i is the null probability of category i. The null hypothesis H 0 is that the counts (n i ) arise from sampling n times a random category (cell cycle phase) from the null distribution, i.e. (n i ) has a multinomial distribution with sample size n and category distribution Q. The P -value of an observed value of L is defined as the probability p( ) = P H 0 (L ≥ ) that the value of the test statistic L exceeds the observed value when the counts are in fact generated by sampling from the null distribution.
Recently, Bejerano (2003) and Rahmann (2003) have shown that it is possible to efficiently compute exact P -values in this situation; for this study, we used the MATLAB implementation provided by Rahmann.
Alternatively, we can obtain approximate P -values using an asymptotic χ 2 approximation. Here, the test statistic
has an approximate χ 2 distribution with k − 1 = 4 degrees of freedom given k = 5 cell cycle phases. Again, the hypothesis is tested whether the sample was drawn from Q. The asymptotic approximation alternative should be preferred in the case of large sample sizes. The computation time for approximate P -values is only a tiny fraction of the running time of the exact method. Additionally, accuracy of the approximated P -values increases with sample size.
Correcting for multiple testing. Storey and Tibshirani (2003) proposed a more liberal criterion to correct for multiple testing than traditional methods like the Bonferoni correction. The principal idea is to use the concept of the FDR. An estimation of the FDR is given by α π 0 m/S(α), where α is the false positive (Type I) error, π 0 is the proportion of true null P -values, m is the number of all observations and S(α) is the number of significant observations given α. Storey and Tibshirani (2003) provide an automated way of estimating π 0 from the observed P -values and thus computing the FDR. Our observed uncorrected P -values were submitted to the R routines available at http://genomine.org/qvalue. Since we have a small number of P -values, we employed the recommended 'bootstrap' method to estimate π 0 . The FDR level was tuned such that we would expect one false prediction on average.
RESULTS
Prediction of evolutionarily conserved TFBSs
A cell-cycle relevant subset of CNBs from CORG (Dieterich et al., 2003b) has been scanned for matches to 120 selected matrix representations (PWMs) of known TFBSs contained in the TRANSFAC database (Matys et al., 2003) . We predicted 24 375 binding sites being part of a man-mouse conserved sequence segment. A total of 3838 of our predicted binding sites happen to fall into exonic regions. Untranslated exonic regions were identified by BLAST searches against the GeneNest database of assembled EST sequences .
The results can be represented as two count matrices: one for non-exonic PWM hits and one for 5 -UTR hits. Each count matrix containing the number of hits for each PWM in each evolutionarily conserved blocks (as a consequence, we neglect the exact position of a match). Intriguingly, significantly fewer motif hits were predicted per nucleotide in 5 -UTR sequences (Binomial test, P -value < 10 −16 ).
Associating cell cycle phases with PWM hits
Testing for deviant TFBS distributions. In the context of gene regulation, we primarily ask whether there is a bias in the distribution of PWM hits for a certain TF over all cell cycle phases. Without prior knowledge one would assume that the number of hits for one PWM is proportional to the amount of sequence scanned. The likelihood-ratio test to detect deviating PWMs was described in Section 2.2.
We computed hits to 120 selected PWMs. No hits were reported for eight matrices as none of the few hits was conserved. Figure 1a shows the sorted P -values of the exact test and the approximate test of the phase distributions of all nonexonic conserved predicted TFBSs. Random P -values ascend along the diagonal (black line). Figure 1b depicts the results for conserved predicted TFBSs in 5 -UTR regions. A total of 104 exact P -values are plotted in ascending order. No P -value approximation was done due to the small counts of TFBSs.
Correcting for multiple testing. An assessment of the proportion of true null P -values (π 0 ) can be achieved with the concept of the FDR.
Our estimates for π 0 are 0.584 and 0.5 for non-exonic and 5 -UTR TFBSs, respectively. The lowest attainable FDR is 0.04 for non-exonic and 0.07 for 5 -UTR TFBS distributions. We chose to adjust the number of accepted significant observations to the level of one expected false discovery. This means to set a FDR threshold of 0.045 for the non-exonic PWM phase distributions and 0.096 for the 5 -UTR PWM phase distributions. By applying these thresholds, we accept 22 and 11 PWMs for the two data sets, respectively. The accepted PWMs are presented in Tables 2 and 3 . Figure 2a summarizes all PWM phase distributions for non-exonic binding sites that appear in Table 2 . Similarly, the content of Table 3 is visualized in Figure 2b . TFBS counts were normalized by subtracting the distribution mean and dividing by the SD. The normalized values were then translated into grey scale colours (Figure 2 legend) .
DISCUSSION
Our results in the light of experimental knowledge
We have shown that conserved binding sites are not uniformly distributed across cell cycle phases for many PWMs (Tables 2  and 3 ). We will now discuss potential links of our findings to cell cycle regulation for PWMs shown in Figure 2a . Starting with TFBS distributions that peak in G 1 /S, we initially consider a set of six PWMs (V$NERF_Q2, V$MEF3_B, V$OLF1_01, V$RREB1_01, V$PAX9_B and V$STAF_02). Not all the corresponding transcription factors have already been studied in the context of cell proliferation or cell cycle. NERF is an antagonist of ELF-1. Both are Ets transcription factors that play an important role in blood vessel development (Gaspar et al., 2002) . Zhang et al. (2003) demonstrated the repressive action of transiently expressed ras-responsive element binding protein 1 (RREB) on the promoter of p16 alias CDKN2A, which is a CDK inhibitory protein. Other factors (PAX9, OLF1 and its alternative splice variant EBF) have been linked to developmental processes.
Moving on to the S phase, we recognize a generally lower relative number of predicted TFBS. V$EVI1_Q6 and V$FOXO3_01 have an almost equal relative amount of binding sites in the S and G 2 /M phase. Cappellini et al. (2003) established a causal relationship between FOXO1 and FOXO3 and cell cycle regulation. They showed that a constitutively activated PI3K/Akt axis triggers phosphorylation of FOXO1 and FOXO3. Thus, FOXO1 and FOXO3 were mainly found in the cytoplasm and did not induce expression of p27-KIP1 (CDKN1B) causing cell cycle arrest.
Several examples of enriched G 2 /M motifs were discovered (e.g. V$PPARG_03 and V_FXR_Q3). V$PPARG_03 denotes elements, which are bound by the peroxisome proliferatoractivated receptor γ . Wang et al. (2001) could inhibit S-phase entry and expression of the cyclin D1-dependent serinethreonine kinase (Cdk) by natural and synthetic ligands of PPARγ .
Another member of the thyroid hormone/retinoid receptor subfamily of nuclear hormone receptors is the thyroid hormone receptor (T3Rα/β). It has its highest number of relative binding sites in M/G 1 phase. T3R also affects cell cycle regulation and alters expression levels of the MDM2 oncogene (Qi et al., 1999) .
Differences in TFBS distribution for non-exonic and 5 -UTR regions
The ranking and the members of the two result sets for non-exonic and 5 -UTR TFBS motifs differ. Three motifs (V$FREAC3_01, V$NFKAPPAB65_01 and V$AR_Q2) emerge as interesting new candidates in the set of 5 -UTR regions. Most notably, the androgen receptor has been reported to regulate the expression of the cyclin-dependent kinase inhibitor 1A (CDKN1A, p21, Cip1) as we would expect from our predictions (Lu et al., 1999) . Predicted sites for V$FREAC3_01 peak in S phase. The corresponding trancription factor FOXC1 has been shown to affect a number of developmental processes. Mutations in the FOXC1 gene have been attributed to ocular, meningeal, cardiac, skeletal and renal anomalies (Lehmann et al., 2003) . All in all, functional TFBS are known to occur in 5 -UTR regions of genes and exert their control on transcription there. However, it is difficult to assess their function and contrast it to non-exonic regions. Elkon et al. (2003) studied the enrichment of binding site for a set 107 motifs in cell-cycle-regulated promoters. For this purpose, they refer to a set of 568 cell-cycle-regulated genes, which they derived from the same microarray experiment like us. They reported a significant overall enrichment of binding sites for E2F, Sp1, NF-Y, NRF-1, CREB and ATF. Arnt and YY1 binding sites were specifically enriched in cell cycle phase G 1 /S and M/G 1 , respectively.
Our results in contrast to previous work
Our set-up differed in the employed sequence space, methods and weight matrix set. Nevertheless, we employed high-quality matrices for E2F (M00024), NF-Y (M00209) and Arnt (M00237 and M00539) in our TFBS scan. None of them departed significantly from the null distribution. Contrary to that, Elkon et al. (2003) reported a significant enrichment of Arnt binding sites in G 1 /S although with a different weight matrix.
Intriguingly, the perception of E2F DNA binding changed over time. Initially, it was deemed crucial for the G 1 /S phase transition (Johnson et al., 1993) . However, recent evidence from ChIP experiments (Ren et al., 2002) suggests a broader role for E2F heterodimers throughout the cell cycle. This is perfectly in line with our results as the E2F binding site distribution did not differ significantly from the null distribution.
CONCLUSION
Prediction of cis-regulatory elements is difficult not because we would not be able to identify motifs in DNA but rather because motifs may be short and have a low information content. As a consequence, they frequently occur due to chance alone. Man-mouse comparisons have already been utilized by a number of authors, although usually to study particular genes and their tissue-specific expression (Wasserman et al., 2000; Qiu et al., 2003) . In this paper, we have shown that concentration on the conserved upstream regions leads to informative large-scale annotation of regulatory elements.
